Energy efficiency in operations is vital to achieving sustainability in the mining and metals sector. On the one hand, adverse environmental aspects of inefficient energy consumption and their consequent costs to mining companies are driving the industry towards leaner and more responsible operations. On the other hand, high prices of energy, volatile markets, and falling commodity prices put pressure on mines to cut costs and optimize their operations as a whole. Consequently, increasing efficiency has become a priority in many base and precious metals mines.
Energy efficiency in operations is vital to achieving sustainability in the mining and metals sector. On the one hand, adverse environmental aspects of inefficient energy consumption and their consequent costs to mining companies are driving the industry towards leaner and more responsible operations. On the other hand, high prices of energy, volatile markets, and falling commodity prices put pressure on mines to cut costs and optimize their operations as a whole. Consequently, increasing efficiency has become a priority in many base and precious metals mines.
A great deal of the total energy consumption in most mine sites can be traced to comminution, the process of reducing the size of rock particles to extract their valuable components. Despite differences in their quantitative figures, most studies agree that milling, i.e. crushing, grinding, and separation, is the largest consumer of energy (NapierMunn, 2015; Ballantyne and Powell, 2014) . Although the energy, and eventually costs, for each unit operation are site specific, the figures suggest a more or less equal share in costs for mining and milling processes. Curry, Ismay, and Jameson (2014) evaluated the total costs of 41 open pit operations and found that around 40% of the total costs correspond to operational mining activities, while milling typically accounts for 49%. Therefore, any improvement in the efficiency of either the mining or the milling operation contributes to the overall economy of the operation. There is, however, a fundamental difference between the two; process optimization in the mine revolves around blast-induced fragmentation as the final deliverable of the mine to the crusher, while the crusher product is the initial input for the mill. Such a distinction defines the crusher as the link between the mine and the mill. It also signifies the necessity to assess the downstream effects in a stepwise manner along the comminution process, i.e. direct influence of run-of-mine (RoM) fragmentation on loading and crushing, before the next comminution stage.
This study examines the influence of fragmentation on loading and crushing in mines. The goal is to define an optimum range of fragmentation to yield maximized productivity in these two processes. Such information can be implemented in future models to evaluate the overall influence of fragmentation on the entire mining process, thus helping to improve operations. A gyratory crusher was observed for 20 days and digital images of the crusher feeder were used to assess the fragmentation of each truck cycle, both quantitatively and qualitatively. The fragmentation was then correlated to ore type and efficiency to evaluate its margins of influence on loading and crushing.
From a mine-to-mill point of view, blasting is a crucial step in the comminution chain. The
Target fragmentation for efficient loading and crushing -the Aitik case by A. Beyglou, D. Johansson, and H. Schunnesson Target fragmentation for efficient loading and crushing -the Aitik case procedures before blasting determine the level of fragmentation and uniformity of the particle size distribution. This, in turn, dictates the efficiency of subsequent tasks in the operation, including loading and crushing. The effects of fragmentation are first seen in loading; no matter what type of machinery is used, fragmentation plays a leading role in loading efficiency. A well-swollen muckpile with a fragmentation tailored to the type and size of the machinery will yield fewer passes and smoother, more efficient loading compared to an inconsistent and disproportionately fragmented muckpile (Williamson, McKenzie, and O'Louglin, 1983; Hawkes, Spathis, and Sengstock, 1995; Onederra et al., 2004; Singh and Narendrula, 2006) .
The efficiency and productivity of loading equipment have been studied extensively, especially for electric rope shovels. However, because several qualitative and quantitative descriptors are also associated with loading, it is difficult to determine the individual influence of any one of these on efficiency. For example, loading is influenced by fragmentation, make and design of loading equipment, operator proficiency, loading trajectory, swell, and muckpile shape and looseness (Bellairs, 1987; Hendricks, 1990; Singh and Narendrula, 2006) .
Early studies on electric shovels attempted to correlate digging performance of shovels to muckpile fragmentation by using time studies combined with logs of voltage and current in the hoist and crowd motors of rope shovels (Williamson, McKenzie, and O'Louglin, 1983; Hendricks, 1990; Patnayak et al., 2008) . Dipper fill factor, dipper payload, dig rate, and frequency of dig cycles have also been used as performance indicators for rope shovels (Onederra et al., 2004; Halatchev and Knights, 2007) .
According to Hendricks (1990) and Onederra et al. (2004) , dig cycle times are not specifically related to digging effort or fragmentation. But digging trajectory, which depends on operator skills, has a great influence on shovel performance. Using geostatistics and data from monitoring systems, Halatchev and Knights (2007) showed basic key performance indicators (KPIs) such as shovel payload can be used to evaluate digging performance and muckpile properties. Based on 20 production blasts in two open pits, Sanchidrián, Segarra, and López (2011) developed a model for loader productivity which took into consideration the rock strength and density, as well as explosive energy and dipper capacity. Hansen (2001) reported measurements of dipper payload for improving shovel performance as well. Patnayak et al. (2008) confirmed the large variability in performance indicators and stressed that these studies should be conducted over a larger number of load cycles to yield meaningful results. All these studies emphasize the complexities involved in assessing loading performance. Owing to operator dependence and variability in muckpile conditions, researchers have not as yet been able to establish a definite correlation of muckpile properties with loading efficiency, but it is possible to evaluate loading performance by statistically assessing basic KPIs over a large number of load cycles.
The next step in the production chain is primary crushing. This is the second mechanical breakage step after blasting; it prepares the RoM ore for further processing in the mill. Crushing typically consumes much less energy than grinding, but it still accounts for a large portion of energy costs in a typical mine operation, and its product has an enormous influence on downstream processes (Murr et al., 2015) .
Gyratory crushers play an important role in large scale mines as primary crushing units. As crushing is the link between the mine and the mill, it has two-fold potential for process improvement. Crushing efficiency is determined not only by the design and operational factors of the crusher itself, but also by characteristics of the RoM feed. Therefore, any effort to improve the energy efficiency of crushers must consider both factors, not to mention the requirements for the crusher's product (Evertsson, 2000; Herbst, Lo, and Flintoff, 2003) .
The power drawn by gyratory crushers depends on many factors, including size distribution, hardness and shape of the feed, as well as liner profile, feeding rate, closed side setting (CSS), eccentric speed and stroke of the mantle. This complex and dynamic system has been simulated in several models (McKee and Napier-Munn, 1990; Evertsson, 2000; Pothina et al., 2007) . Studies show that fragmentation and ore hardness are the most prominent feed characteristics affecting crushing energy consumption (Eloranta, 1995) . After much research, scientists at the Julius Kruttschnitt Mineral Research Centre (JKMRC) developed a simulation package to optimize mineral processing circuits (McKee and Napier-Munn, 1990 ). Included in this package is a model for predicting crusher power draw and product size distribution. However, these models have been developed as tools for the optimization of the entire mineral processing circuit and do not comply with stand-alone crushers (Pothina et al., 2007) . Moreover, they are based on comminution theories, such as Bond's work index (Bond and Whitney, 1959) , and they depend on a large database of site-specific and machine-specific data gathered over years of research. The complexity and extensive data requirements of these models make them difficult to use in typical industrial conditions. Pothina et al. (2007) developed an analytical model for energy consumption of gyratory crushers by using CSS and feed size variations. However, the feed fragmentation in this model is based on the Kuz-Ram model (Cunningham, 1983) and is assumed to be a function of burden and spacing, regardless of all other factors affecting blast fragmentation. In reality, it is well known that blast-induced fragmentation in mines varies because of several uncontrollable factors. Variations in lithology, structural geology, explosive performance and precision of drilling and blasting are some of the factors leading to inconsistencies in RoM fragmentation. Therefore, such assumptions about the relationship between burden/spacing and crushing energy are of little practicality in day to day production blasts.
For a specific site, an empirical approach yields more hands-on conclusions. It provides a simple but statistically reliable understanding of the influence of the feed size of a certain ore on the energy consumption of a certain crusher. In practice, the mine has the ability to produce different ore fragmentations by manipulating the blasting set-up. It is, therefore, possible for the mine to tailor the feed material in such way that loading and crushing are performed at peak efficiency. Despite the aforementioned uncertainties in blast fragmentation, having a target fragmentation in mind for a specific ore helps the mine modify the blast set-up to yield a fragmentation as close as possible to the target. This has a great influence on operational efficiency in the long term.
At 3 km long, 1.1 km wide, and 450 m deep, Aitik is one of the largest open pit copper mines in the world. It is situated about 60 km above the Arctic Circle in northern Sweden and has been owned and operated by Boliden Mineral AB since 1968. The Aitik deposit comprises metamorphosed plutonic, volcanic, and sedimentary rocks. The ore zone consists of biotite gneiss, biotite schist, and muscovite schist with dykes of pegmatite cutting through.
Despite its low grade ore (0.22% copper on average), Aitik is considered one of the most efficient open pit mines in operation. In 2015, its annual production of ore reached more than 36 Mt, yielding about 67 kt of copper, 61 t of silver, and 2 t of gold. Its efficiency stems from its in-pit crushing and conveying system, as well as advanced technological infrastructure and monitoring systems. These permit the mine to audit and improve the operation continuously. In fact, the well-coordinated fleet management system and comprehensive data collection during all stages of operation provided a solid platform for this study. Data from different sources could be extracted and utilized to correlate fragmentation to both loading and crushing.
The goal of this study was to investigate the effects of fragmentation on the efficiency of loading and crushing. It also considered rock hardness, as crushing efficiency is sensitive to the hardness of the ore. Because different factors are important at different stages of a mine's production, it is crucial to define a unit mass of ore and follow it up the production chain. The most suitable unit for such a purpose in a fully operational mine is the haul truck, as it can be tracked from the muckpile to the crusher by means of fleet data. A schematic illustration of the ore-tracking method and factors extracted at each stage is presented in Figure 1 .
As seen in Figure 1 , the data corresponding to each truckload was acquired by back-tracking it from the targeted crusher to the muckpile. Each ore unit (i.e. one truckload) was photographed after the truck dumped it in the crusher inlet. The photographs were used to assess the fragmentation using image analysis and ordinal classification. The energy consumption in the crusher was recorded for the entire cycle and was normalized to the tonnage of crushed ore. By incorporating fleet data, each truck could be traced to its corresponding rope shovel, thus allowing loading efficiency and the coordinates of the ore unit to be extracted as well. The loading coordinates were later cross-referenced with geological data to define the lithological origin of the ore. Unfortunately, complex geology, uncertain mechanical properties, and low spatial resolution of lithological information in the mine did not permit a strict distinction of ore types for the studied cycles. Hence, the mine was roughly divided into two main areas: north and south. During the study, the mined ore in the north area had a large content of muscovite schist, while the south ore contained a high amount of biotite gniess. A summary of the mechanical tests on specimens of these ores is presented in Table I .
All truckloads were traced back to their original coordinates in the mine and were distinguished to be from either the north or south area. This over-simplified distinction between the two is due to uncertainties in the lithological content of truckloads as well as large variations in hardness between different specimens. As the mechanical properties of these ores do not fit within the scope of this study, the results were simply separated by origin. Therefore, the following comparisons of the two ores do not take into consideration the numerical difference in hardness of the material, but simply indicate the origin of the ore as either north or south, considering that south ore is generally harder than north ore. Additionally, since the nominal density of both ore types is identical, density differences were not considered in the analysis of loading or crushing and are not given in what follows.
Given the large quantity of the data in this scheme, each of the aforementioned stages included careful filtering and selection procedures to keep external factors at bay. The 20-day study period provided fully compatible data for 225 truckloads, equivalent to approximately 50 kt of ore.
Assessing blast-induced fragmentation has been one of the most challenging tasks for both researchers and the industry. Until now, the only reliable method to quantify the Target fragmentation for efficient loading and crushing -the Aitik case 1055 VOLUME 117 L Table I Schmidt hammer (Sjöberg, 1999) 46.0 81.1 Point load test (Valery et al., 2002) 28.6 112.1 Point load test (Bergman, 2005) 67.1 121.0 UCS (Hantler, 2015) 73.5 127.8 sizedistribution of a muckpile has been physical sieving, yet it yields reliable results only if the process is carried out carefully using adequately large samples and in a controlled environment. Because of its time-consuming and costly nature, this method is generally disregarded by industry and the research community; few studies present full-scale sieving results, and they all agree on its practical difficulties (Ouchterlony, Bergman, and Nyberg, 2010; Wimmer et al., 2015) . Since the 1980s, photographic techniques have been used as non-contact measurement tools to estimate the size distribution of muckpiles. Image-based fragmentation assessment started with the visual comparison of muckpiles to scaled photographs; it later advanced to 2D image analysis techniques, and more recently broadened to include more complicated 3D analysis using laser scanning or photogrammetric methods . One of the simplest methods of using photographs to assess fragmentation is to compare the target muckpile to reference images of standardized muckpiles. An early example of this method is the 'Compaphoto' technique, introduced by Aswegen and Cunningham (1983) . The technique is based on visual comparison of the target muckpile to scaled photographs of standardized muckpiles and uses the Rosin Rammler function to estimate the particle size distribution. In a recent study, Wimmer et al. (2015) used a similar but customized approach in the so-called quick rating system (QRS). This method was developed to classify the fragmentation of LHD bucketloads into four classes of median fragment size (P 50 ) and three subclasses of uniformity index (n) varying from 0.6 to 2.2. These researchers also compared the results from a rating system, 2D and 3D image analysis, and physical sieving of LHD bucketloads. They reported that the quick rating system showed consistent results between users, except for finemedium material of an inhomogeneous character. The method was also found reliable -if used carefully -and accurate in comparison with 2D image analysis.
2D image analysis techniques have been studied extensively, with various disadvantages pointed out by several researchers (Hunter et al., 1990; Chavez et al., 1996; Maerz and Zhou, 1998; Lathham et al., 2003; Thurley and Ng, 2005; Sanchidrián et al., 2009; Spathis, 2009 ). Because of the method's shortcomings, the repeatability of 2D imagebased measurements is generally poor. Segregation of differently sized particles in a muckpile, the lay and aspect ratio of fragments, overlapping fragments, insufficient and biased sampling, imaging inconsistency (lighting, scaling, and perspective), inaccurate automatic delineation, and timeconsuming and user-dependent manual delineation are some of the drawbacks of this technique. If done carefully, however, 2D image analysis can provide insights into the trends of variations in fragmentation; these trends may not describe the entire size distribution accurately, but they are still more practical than physical sieving and have been proven useful over years of experience in the industry.
The errors and shortcomings of both classification and image analysis techniques are well known. However, with consistent measurement procedures and statistically reliable sampling, researchers can identify the trends of variation with either method. Maerz and Zhou (1998) state: 'Processes such as blasting [and crushing] can be characterized by looking at the relative differences between two measurements, and consequently the absolute error is not important.'
On the one hand, the advantage of the classification method lies in its fast and straightforward procedure which allows a large number of samples. However, it only shows subjective trends in the mean RoM fragmentation with little information on the details of size distribution. 2D image analysis, on the other hand, is limited to a much smaller number of samples because of the time-consuming delineation procedure. Yet it yields a detailed quantitative assessment of particle size distribution. Given their respective strengths and weaknesses, this study used both 2D image analysis and ordinal classification of fragmentation and compared the results.
The gyratory crusher at Aitik includes two bays where the trucks dump the ore directly into the crusher inlet. Each bay is equipped with several closed-circuit cameras with realtime feed and a stationary camera aimed at the crusher inlet. In this study, the bay cameras were used to double-check the time-tag of dumps, while the camera aimed at the inlet was used to assess the feed fragmentation for each crushing cycle. This latter camera provided a continuous video feed at two frames per second, and fragmentation was based upon single frames of each cycle sampled every five seconds, as each cycle typically took 4-6 minutes to finish. Consequently, each crushing cycle was assigned a series of images with a five-second interval. A sample image of the crusher inlet with its dimensions is presented in Figure 2 .
The study assessed the feed fragmentation of crushing cycles in two stages. In the first stage, all image sequences were classified into five ordinal categories, with class 1 the finest and class 5 the coarsest fragmentation. In the second stage, eight cycles from each class were selected and then analysed using Split-Desktop image analysis software (Kemeny et al., 2002) .
One of the authors performed the five-class rating of the cycles based on a visual comparison of all images of the cycle with a series of predefined sample images for each class. Figure 2 shows samples of each class. The choice of guide samples for classes was based on image analysis of three sample images per class. The median fragment size (P 50 ) and 80% passing size (P 80 ) values of images were extracted before classification and used to define more or less equal size-spans for each class in such way as to cover the entire range of observed fragmentation. The numerical values were not used to classify cycles, as the rating was solely qualitative, i.e. comparing the image sequence of each cycle to guide samples and rating them from 1 to 5. The range of pre-defined values for the P 50 and P 80 of each class is presented in Table II .
The image sequences from selected cycles were inspected carefully for any external factor affecting the crushing cycle and feed size at the crusher inlet, e.g. interruptions in the cycle due to boulders. The circular steel protector of the mantle was visible in almost all images, hence its diameter was measured and used as a scale to estimate fragment size. Since the camera was stationary and perpendicular to the crusher inlet, all images included identical viewpoints, thus minimizing errors introduced by perspective. The crusher Target fragmentation for efficient loading and crushing -the Aitik case
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All images were delineated manually by only one user to minimize the user-dependency of the results. Due to uncertainties in theoretical estimation of fines, no fines factor was used in the analysis, and only visible particles were included in size distribution curves (Spathis, 2009) . Finally, the 50% and 80% passing sizes for each cycle were extracted and correlated to the loading and crushing efficiency of cycles. However, it should be mentioned again that despite all efforts to minimize errors, the image analysis technique is not in any way comparable to full-scale sieving. The P 50 and P 80 values are not expected to represent the true size distribution of the feed. Thus, the results can only be considered quantitative figures suitable to compare the size distributions of different feeds and identify trends.
The gyratory crusher studied here is an Allis-Chalmers Superior 60-109. The diameter at the lower part of the mantle is 2770 mm, and the closed side setting (CSS) of 160-180 mm determines the crusher product. Depending on the characteristics of the ore, the coarsest particles after crushing vary from 350 to 400 mm in size (Bergman, 2005) . During the study, the CSS and the eccentric speed of the crusher were kept constant, so the only variable was the torque applied on the motor for effective breakage, measured in terms of power draw (kW). The power draw at the crusher motor was sampled every nine seconds. The raw data was then broken down into crushing cycles by cross-referencing the power draw curve to the fleet logs, and each cycle was given a unique ID.
Only the single-dump cycles were selected for further analysis. The single-dump cycles, as opposed to multi dump (choked) cycles, correspond to the crushing cycles in which the material from a single truck is dumped into the feeder; no other material is dumped until the cycle is finished. Figure 3 shows samples of single-dump and multi-dump cycles of the crusher. The reason for this selection is that gyratory crushers perform slightly differently under choked conditions (Eloranta, 1995) . A choked crusher will go through a continuous material flow with heavier particle interaction and a varying force of gravity. This, in turn, could introduce bias into the energy consumption measurements. In addition, at the study mine, the blending of material in multi-dump cycles made it impossible to trace the ore to a specific coordinate in the mine, possibly compromising the material follow-up as well as energy and tonnage estimation.
All crushing cycles included in the study were from single dumps. Each cycle started as soon as the material entered the idle crusher and ended when all the material had passed through and the status returned to idle. In this way, the start and end of all cycles could be distinguished precisely, and the influence of the rise and fall in torque of the motor was evident for all cycles. Furthermore, the duration of each cycle could be accurately extracted for further analysis of momentary throughput.
The energy consumption in the crusher was calculated for each cycle by integrating the area under the power-time curve (Figure 3) . The consumed energy was normalized to the tonnage of the crushed material from the fleet logs, and energy consumption per unit mass was extracted and presented in kWh/t for each crushing cycle. As the tonnage and duration were known for each cycle, the instantaneous throughput of the crusher could also be calculated.
The load and haul fleet at Aitik mine comprises a variety of electric and hydraulic shovels combined with differently sized haul trucks. Loading efficiency is comparable only between similar types and makes of machinery, as the mechanisms and capacities of different rope shovels vary widely. Consequently, all truck cycles included in the study were filtered to include only identical shovels loading identical trucks, namely P&H4100C shovels with an 81.7 t dipper capacity loading CAT793 trucks with a capacity of 227 t. When the truck payloads were comparable, the crushing cycles could be evaluated and the loading efficiency determined for identical shovel-truck combinations. The studied trucks were normally loaded to full capacity by three to five shovel passes, depending on the fragmentation and diggability of the muckpile. The payload and number of shovel passes to fill a corresponding truck were used to estimate the mean payload of the dipper in each cycle. The mean payload of each dipper pass was compared to the nominal capacity of the dipper, and the mean fill factor was calculated and presented as a percentage of full dipper capacity.
Although loading is an operator-dependent task, this was not considered in the analysis because of the number of cycles and operators. However, in a previous study of Aitik, the authors compared the performance of different operators and concluded the influence of muckpile diggability on loading is greater than that of operator skills (Beyglou et al., 2015) . Therefore, the present study assumed the operator effect to be negligible, especially as similar operators operated all shovels in circulation during the study.
A summary of the classification results is presented in Table III . Mean values for crushing energy, crusher throughput, and fill factor of shovel dipper are separated by ore type (north/south) and presented for each fragmentation class. Table III shows that the crushing energy consumption gradually increases as fragmentation shifts from fine to coarse. Meanwhile, throughput shows a consistent decrease with increasing fragment size. The fill factor shows the highest loading efficiency for class 2 fragmentation (i.e., finer fragmentation); it gradually decreases as fragmentation reaches the very coarse end (class 5). To determine the statistical distribution of values in each class, Figures 4-7 compare means and quartiles across fragmentation classes.
As seen in Figure 4 , the mean energy consumption shows a consistent stepwise increase from class 1 (very fine) to 5 (very coarse). For all fragmentation classes, the south ore (harder ore) consumes more energy than the north ore (softer ore). The difference is largest for classes 2 and 3, implying that ore hardness is less influential for crushing very fine or very coarse fragmentations. In addition, the increase in energy consumption from class 4 to 5 is smaller than that between other classes in both ores, especially from class 3 to 4, which shows the largest difference. This indicates that fragmentation is less influential when the particles are larger than a certain size. This can be seen in the distribution plot as well. However, the distribution of the values exhibits rather large variation spans in all classes. Overall, the variations increase as fragmentation becomes coarser. The largest spans, for classes 4 and 5, show a more or less similar statistical range of variation. It is also apparent that the lower and upper quartiles lie relatively far 
away from the minimum and maximum values, suggesting that the statistical spread includes a wide scatter. The analysis of mean crusher throughput ( Figure 5 ) shows that the largest decrease in throughput occurs between class 3 and class 4. There is a slight decrease from classes 1 to 3, a significant drop from classes 3 to 4, and a marginal difference between classes 4 and 5. In all classes, the south ore shows a 5-10% reduction in throughput compared to the north ore. As in energy consumption, the differences between north and south ores are more pronounced in classes 2 and 3 and marginal in classes 1, 4, and 5. The distribution of throughput demonstrates large variations in classes 1 through 3, with more or less similar ranges in all quartiles, and classes 4 and 5 showing comparatively smaller, but identical throughputs overall.
The fill factor of the shovel dipper ( Figure 6 ) shows a dissimilar trend. Firstly, the influence of ore type is not as pronounced for loading as for crushing. North and south ores show closely comparable means and medians. Secondly, the fill factor in class 1 is lower than in class 2, indicating medium-fine fragmentation has higher diggability than very fine fragmentation. The fill factor gradually decreases from classes 2 through 5. The quartiles in the distribution plot also show a decrease, with a marginal difference between the two ores.
The results of the classification of feed fragmentation give an overview of the trends in loading and crushing efficiency over a relatively large sample population (n=225). In contrast, the image analysis results, presented in Figure 7 , provide a detailed view of about 40 single crushing cycles. Since P 80 and P 50 of the size distributions were strongly correlated (Figure 7a ), the image analysis results are presented only in terms of P 80 . More or less similar trends were observed for P 50 , but are not presented here.
The plot of crushing energy against P 80 of the feed (Figure 7b ) demonstrates a correlation similar to that found in the classification results. The energy consumption increases as fragmentation reaches the coarse end of the spectrum. The regression lines show that south ore generally consumes more energy during crushing, though the difference is marginal in the fine end of the fragmentation range and increases with P 80 . The difference between the ores is more pronounced in the mid-range (P 80 =600-800 mm) and includes large scatter at the coarse end. This agrees well with the results obtained from classification; however, the variations at the coarse region of the plot could imply that factors other than ore type and fragmentation have influenced the energy consumption.
The throughput of the crusher (Figure 7c ) also shows a decreasing trend as fragmentation becomes coarser, but the low correlation coefficients imply that in single crushing cycles, the throughput is not only affected by fragmentation, but also by external factors such as feeding rate (material flow) and shape of fragments. The regression lines show that, on average, south ore yields less throughput than north ore, but the values do not show a strong correlation to either size or ore type in this number of samples (n=40). The fill factor of the electric shovels (Figure 7d) shows an even weaker correlation with P 80 . The trend of the overall envelope suggests diggability decreases with increasing P 80 . But the correlation coefficients are rather small, and no distinct difference is observed between the two ores, as all points lie within a similar, wide statistical range. This could arguably be due to inaccuracies in fragmentation measurements, or other factors related to the machinery; either way, the large scatter does not allow a definite conclusion about the loading efficiency.
This study analysed the feed fragmentation of 225 singledump crushing cycles statistically in an ordinal manner. It considered the fragmentation for 40 of the cycles using an image analysis tool and correlated the results to the crushing energy consumption per unit mass, throughput of the crusher and fill factor of the shovel dipper. The crushing cycles were traced to their loading origin and subjectively separated by estimated ore hardness. During the study period, the CSS of the crusher was kept constant, as was the rotational speed of the mantle. The loading efficiency was compared for identical electric rope shovels. The classification and image analysis were conducted in a systematic manner with images from a single stationary camera aimed at the crusher inlet. The findings are summarized as follows.
® The results indicate a consistent difference between the soft and hard ores in their crushing efficiency. Both the classification and the image analysis show that, regardless of size distribution of the feed, the harder ore (south) involves higher energy consumption and lower throughput than the softer ore (north) ® The influence of ore hardness is most pronounced in mid-range fragmentation (classes 2 and 3), implying hardness matters less for very fine or very coarse fragmentations ® The largest change in both energy consumption and throughput of the crusher occurs between class 3 and class 4 fragmentations. This indicates that the efficiency decreases slightly as the fragmentation becomes coarser (from class 1 to 3), but as the fragmentation exceeds a certain size (between class 3 and 4), the efficiency drops considerably. Interestingly, for the very coarse fragmentations (class 5), the efficiency does not decrease significantly ® The loading efficiency shows no correlation to the hardness of the ore. The highest efficiency is observed in mid-fine range fragmentation (class 2). It decreases thereafter with increasing feed size ® The general trends in crushing and loading efficiency are consistent in both the classification and the image analysis results. However, a comparison of the results shows both methods include large scatters. The classification method provides a much larger sample population and is, therefore, statistically more representative than the image analysis of limited samples. Although both methods are image-based and include similar drawbacks, the trends in classification results are more reliable for subjective evaluations. This is more evident for the throughput and fill factors; they show very large scatters in both methods, but the broad sampling in classification leads to more representative results over a larger population ® Several shortcomings of image-based methods to assess fragmentation were observed in this field study. These observations were not easily measurable in a non-contact manner, but affected the results in one way or another. Segregation of material, lay and shape of fragments, overlapping fragments, and inhomogeneity within each sample (truck) were some of the factors causing inaccuracies, not only in fragmentation assessment but also in loading and crushing. Despite their limitations, these methods are the only available tools to measure fragmentation.
Finally, the findings of this study suggest that higher loading and crushing efficiencies can be achieved in Aitik mine. This could be accomplished by tailoring the blastinduced fragmentation to class 2 or 3, approximately equivalent to a P 80 of 600-800 mm. Such target fragmentation could be achieved by using field trials to find the most economical blast set-up satisfying those requirements. Furthermore, the results suggest that the crushing efficiencies are different for north and south ores, something to consider in blast design and cost estimations. The target fragmentation for loading and crushing can be correlated to the operational parameters of the crusher and the efficiency of the mill to find the most suitable combination for efficient milling. Subsequent cost estimations for each unit operation can determine a combination of blast set-up, crusher setting, and milling parameters to eventually yield the highest overall chain value of this particular operation in the long term.
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